Abstract. This paper presents a guided learning strategy model for dynamic pedagogical tailoring within intelligent tutoring systems (ITS). The proposed model is based on the integration of the cognitive load theory within an ITS architecture. Our approach takes into account the cognitive limitations of the student in order to offers personalised learning via instructional guidance.
Introduction
Most intelligent tutoring systems (ITS) use pedagogical objectives or performance measures in order to adapt tutoring strategies [1, 3, 11] . A number of researches in educational psychology suggest that highly effective instruction can only be attained by taking into account the learner cognitive constraints [4, 10] . This paper introduces a novel approach for guided learning within ITS which aims to dynamically adapt instruction in order to respect the student cognitive limitations. The approach is based on the cognitive load theory (CLT) framework and uses a working memory simulator. The remainder of the paper is organised as follow. Section 2 exposes the CLT framework. Section 3 expounds the integration of the CLT concepts in our ITS and concluding remarks are given in section 4.
The Cognitive Load Theory
The cognitive load theory is a framework representing characteristics of the mental effort that results from the performance of complex cognitive tasks during learning [2, 8, 9] . CLT is based on the interaction between the human cognitive architecture and knowledge structures in order to identify optimal methods of instruction.
Cognitive load is defined by three components: intrinsic cognitive load (ICL), extraneous cognitive load (ECL) and germane cognitive load (GCL). ICL represents the interaction between the knowledge to be learned and the expertise level of the learner (current knowledge). This load is imposed by the number of elements to be addressed simultaneously in working memory during problem solving. ECL represents all form of load which is not directly devoted to the execution of the current task. This load is not effective for learning and can be reduced by a better instructional design. GCL represents the load resulting from learning processes and is a form of ECL that actively participates in learning. These three types of cognitive load are additive. Their sum may not exceed the working memory capacity without causing a failure of the ongoing task or impairing learning.
Using the CLT Framework in ITS
Similarly to most intelligent tutoring systems [12] , our ITS architecture includes four main modules: expert agent, interface agent, learner agent and pedagogical agent. Our learner agent extends the standard capabilities by modeling the mental effort (cognitive load) of the learner during problem solving. Using a working memory simulator, the learner agent provides cognitive load patterns representing the load composition (intrinsic, extraneous and germane) resulting from each resolution step. The originality of our pedagogical agent is its ability to take into account dynamically the cognitive load imposed by the various resolution steps of a learning task in order to implement a guided learning strategy.
Several researches in educational sciences [5, 6] argue that guided learning is superior to other forms of learning that allow more freedom to the student (e.g. discovery learning [7] ). Our pedagogical agent implements a form of guided learning based on the cognitive load theory (CLT) which aims to guide the learner during problem solving according to the cognitive load imposed by each resolution step. The role of the pedagogical agent is to help the student choosing resolution steps that maximise learning. To do so, our pedagogical agent chooses the optimal step sequence regarding learning efficiency via a CLT-based guidance heuristic.
The CLT-based Guidance Heuristic
The first stage of the guidance heuristic is to quote the possible next actions with a cognitive load pattern provided by the learner agent. At each resolution step, or following a help request by the student, the pedagogical agent suggests a resolution step offering an optimal cognitive load pattern. The latter is defined as an equilibrate amount of germane cognitive load (GCL) and intrinsic cognitive load (ICL) [10] . Low ICL indicates a step containing no learning opportunities (knowledge to be automated) [9] . High ICL and GCL indicate that the interconnected handled knowledge exceeds the learner working memory capacity [10] . During an instructional session, cognitive patterns for the same resolution steps will change depending on the student expertise progress. More precisely, the intrinsic cognitive load component will decrease in function of the progressive automation of knowledge due to their utilisation during learning tasks. The pedagogical agent will then suggest to the learner a resolution step whose component knowledge is not automated.
The learner will progress from a novice level (low knowledge automation) to an expert level (high knowledge automation). Because the student is guided in a progressive manner which is consistent with his/her expertise level and his/her cognitive limitations, the number of resolution steps will be greatly reduced. This results in an optimal learning strategy in terms of instructional time and mental effort.
Conclusion and Further Work
We have proposed a model for dynamic pedagogical tailoring within intelligent tutoring systems. The model uses the cognitive load theory framework and a working memory simulator. An in-depth validation of our cognitive load pattern estimation mechanism is actually in progress.
